Introduction {#S0001}
============

Late diagnosis caused by the limited accuracy of existing cancer screening tools and/or their invasive character has an important contribution to cancer morbidity and mortality.[@CIT0001] For instance, the 5-year survival rate for breast cancer drops from approximately 100% for stage I to around 22% for stage IV.[@CIT0002] Thus, the continuous evolution of the malignant environment, leading to local and/or distant invasion as well as to multidrug resistance, renders advanced forms of cancer surgically unresectable and unresponsive to chemo and radiotherapy.[@CIT0003] The advent of serum biomarkers such as prostate-specific antigen (PSA)[@CIT0004] has improved early cancer detection, but their low accuracy limits their use for screening in the general population. Invasive screening tools such as colonoscopy or mammography are more accurate than serum biomarkers; nonetheless, there are surprisingly few methods of screening that are accurate enough for being recommended in the general population. Among these five cancer types, the US Preventive Services Task Force (USPSTF) recommends cancer screening in average-risk, asymptomatic adults, only for colorectal and breast cancer.[@CIT0005],[@CIT0006] As for lung, ovarian and oral cancer, the USPSTF concludes that the harms of screening in the general population outbalance any likely benefits or that the current evidence is insufficient to assess the balance.[@CIT0007]--[@CIT0009] Other genomic,[@CIT0010] metabolomic,[@CIT0011] or proteomic[@CIT0012] markers have also been assessed with various results, but none of them has yet been translated in the clinical setting. Therefore, novel noninvasive methods of cancer screening are needed.

Raman spectroscopy detects the inelastic scattering of monochromatic light, resulting in frequency-shifted photons that provide molecular information about the sample.[@CIT0013],[@CIT0014] Surface-enhanced Raman scattering (SERS) is a method of amplifying the Raman signal using nano-scaled metal substrates such as silver or gold colloids, which are among the most convenient substrates for SERS.[@CIT0013],[@CIT0015],[@CIT0016] The mechanism behind SERS is thought to involve not only the excitation of localized surface plasmons,[@CIT0017] but also the formation of charge-transfer complexes,[@CIT0018] although there is ongoing debate regarding the role of each of these mechanism in the SERS amplification process.[@CIT0019],[@CIT0020]

Several reports have shown that spontaneous Raman or SERS analysis of liquid or dried blood serum/plasma can efficiently discriminate between control and several types of cancer such as breast,[@CIT0021]--[@CIT0023] lung,[@CIT0024] ovarian,[@CIT0025] colorectal,[@CIT0026]--[@CIT0028] or head and neck cancer.[@CIT0029] In spite of that, the results of these preliminary studies cannot be compared directly, because of significant differences in the experimental setup employed for acquiring the SERS spectra of serum. Moreover, there is a paucity of studies performing comparative analysis between cancer types.[@CIT0030]

In this study, the classification accuracy of SERS is demonstrated on a set of n=253 total serum samples collected from healthy volunteers and patients with breast, lung, colorectal, oral and ovarian cancer, with the aim of attaining a SERS-based differential diagnosis between cancer types.

Materials and methods {#S0002}
=====================

Fresh blood samples were acquired from healthy volunteers (n=39) and from patients diagnosed with breast (n=42), colorectal (n=109), lung (n=33), oral (n=17), and ovarian cancer (n=13). All cancer patients were treatment naïve and were included in the study irrespective of their cancer stage. The controls were represented by male and female blood donors of similar age with the patients, that did not report any significant health issue at the time of enrolment. The individual characteristics of the controls and patients included in this study are presented in Tables S1--S6. Blood samples were drawn into serum separator tubes and then centrifuged at 2,000 rpm (425 g) for 5 mins to isolate serum. The serum was subsequently stored at −80 °C until further analysis. All patients provided written informed consent for enrolling in this study. The study was approved by the Ethics Committee of the Ion Chiricuta Clinical Cancer Center Cluj-Napoca and the experiments were conducted in accordance with the Declaration of Helsinki.

Silver nanoparticles were synthesized using the hydroxylamine hydrochloride reduction method (hya-AgNPs).[@CIT0031] All reagent were supplied by Sigma-Aldrich. The fresh colloid was left overnight at room temperature before measurements. The nanoparticles were characterized by UV-Vis absorption spectroscopy (Jasco V-630 Spectrometer) and transmission electron microscopy (JEOL, JEM-100CX, operating at 100 kV).

In order to remove the proteins present in the serum, 200 µL of serum was mixed with 1.8 mL of methanol. The samples were then centrifuged at 2,000 rpm (425 g) for 5 mins and the supernatant was carefully collected. Then, 1 µL of the supernatant was mixed with 9 µL of silver colloid and 1 µL of NaCl 2M. A 5 µL droplet was then deposited on an aluminum substrate in order to acquire the SERS spectra from the droplet, before it dried. To prevent the contamination of samples, we employed sterile PCR-grade dual filter tips for handling the samples.

SERS spectra were acquired using an InVia Reflex Raman Spectrometer (Renishaw) equipped with a 532 nm laser (10 mW on the sample), a RenCam CCD detector, an upright Leica microscope and a diffraction grating with 1,800 lines mm^−1^. Prior to each measurement series, a calibration procedure was performed based on the 520 cm^−1^ band of an internal silicon standard. The spectra were acquired by focusing the laser through a 5X objective (Leica, NA=0.12) for 40 s. For each randomly chosen sample, two spectra were acquired and averaged.

Principal component analysis-linear discriminant analysis (PCA-LDA) was performed using custom-built MATLAB scripts (MathWorks). Prior to PCA-LDA, cosmic ray peaks were eliminated from the SERS spectra. All spectra were acquired under similar conditions and therefore, further spectral processing was deemed unnecessary. For the purpose of this study, several separate PCA-LDA models were built (see below).

In order to replicate previous studies, five independent PCA-LDA models were built, and each model was trained to discriminate between control samples and a particular type of cancer (one for each cancer type). Next, another PCA-LDA model was built to discriminate between controls and all cancer samples combined, that is, without taking into account the type of malignancy each cancer sample represented. Finally, a PCA-LDA model was built which also included the cancer type.

In order to avoid overfitting caused by resubstitution validation, a 5-fold per patient cross validation was performed. Therefore, spectra collected from 80% of the patients of each control-cancer type (or types) subset were used to train the classification model, while spectra from the remaining samples were employed for validation. The 5-fold split was performed 3 times to reduce the impact of interpatient variation.

PCA-LDA confusion matrices expressed in percentages were plotted and were used to calculate the sensitivity, specificity, positive and negative predictive values as well as the overall accuracy of each model. Scores from subsets of principal component loadings were selected for each cancer type so that the sensitivities and specificities for predicting on the validation sets were similar to the ones of the resubstitution analysis.

Results {#S0003}
=======

The SERS spectra of deproteinized serum, acquired using the 532 nm laser presented several intense bands at 636, 727, 810, 887, 1.008, 1.135, 1.150, 1.201, 1.361, 1.446, 1.518, and 1.677 cm^−1^ ([Figure 1](#F0001){ref-type="fig"}), assigned in good agreement with the literature to nucleic acid catabolites such as uric acid and hypoxanthine, carotenoids and amino acids.[@CIT0032]--[@CIT0035] These bands were also present in the difference spectra. [Figure S1](#SD1){ref-type="supplementary-material"} shows a representative transmission electron microscopy image and the UV-Vis absorbance spectrum of the hya-AgNPs. A comparison between the average SERS spectrum of control samples and breast, colorectal, lung, ovarian and oral cancer is presented in Figures S2--S6, respectively. Figure 1The mean surface-enhanced Raman scattering (SERS) spectra of serum from controls and breast, colorectal, lung, ovarian and oral cancer samples (all types combined) and their spectral difference. All SERS spectra were mean normalized and for each spectrum, two measurements were averaged.

The resulting confusion matrixes of individual PCA-LDA models for each cancer type is presented in [Figure 2](#F0002){ref-type="fig"}. The overall accuracy of the PCA-LDA model for breast (n=42), colorectal (n=109), lung (n=33), ovarian (n=13) and oral cancer (n=17) was approximately 94%, 78%, 86%, 95% and 93%, respectively. Overall accuracy is defined as the percentage of correctly assigned samples out of the total number of samples considered in that particular PCA-LDA model. Figure 2The results provided by the five principal component analysis--linear discriminant analysis (PCA-LDA) models, which compared control samples versus breast, colorectal, lung, ovarian and oral cancer samples. PPV denotes the positive predictive value, while NPV refers to the negative predictive value. The number of principal components (PCs) was chosen such that the sensitivities and specificities for predicting on the validation sets were similar to the ones of the resubstitution analysis.

The results of the PCA-LDA model aiming to discriminate between controls and all cancer samples combined are presented in [Figure 3](#F0003){ref-type="fig"}. The overall accuracy of the model was around 94%. Figure 3The results of the principal component analysis--linear discriminant analysis (PCA-LDA) for all cancer types combined (breast, colorectal, lung, ovarian and oral cancer). PPV denotes the positive predictive value, while NPV refers to the negative predictive value. The number of principal components (PCs) was chosen such that the sensitivities and specificities for predicting on the validation sets were similar to the ones of the resubstitution analysis.

In order to test the possibility of attaining a differential diagnosis between cancer types based on SERS, a PCA-LDA model that splits the cancer group into individual cancer-types was built. The resulting multi-dimensional confusion matrix is presented in [Figure 4](#F0004){ref-type="fig"}. Figure 4The results of the principal component analysis--linear discriminant analysis (PCA-LDA) that assessed the differential diagnosis between controls and breast, colorectal, lung, ovarian and oral cancer. PPV denotes the positive predictive value, while NPV refers to the negative predictive value. The number of principal components (PCs) was chosen such that the sensitivities and specificities for predicting on the validation sets were similar to the ones of the resubstitution analysis. The figures of merit represent the accuracy to distinguish between control samples and all types of cancer combined.

Discussion {#S0004}
==========

In this study, we included n=253 serum samples from controls and five of the leading types of cancer (ie, breast, colorectal, lung, ovarian and oral cancer). In order to remove serum proteins that prevent the acquisition of SERS spectra from serum metabolites, we employed methanol extraction. Thus, the metabolites were extracted using methanol, mixed with hya-AgNPs and then a droplet from this mixture was analyzed using a 532 nm laser line as excitation source. The methanol extraction has several advantages compared to other methods of acquiring SERS spectra from serum metabolites such as protein filtering or acquiring SERS spectra from dried samples. In the case of protein filtering, the shortcoming is that serum carotenoids, which are a broad class of metabolites differentially expressed in cancer patients,[@CIT0036] are also filtered out along with proteins, leading to SERS spectra less rich in information.[@CIT0023]

Alternatively, SERS spectra of serum metabolites can also be acquired by drying the serum and nanoparticle mixture.[@CIT0030] In this case however, the disadvantage is that one must average over the entire spot surface for reproducible results, whereas when acquiring the signal from a droplet, there is an automatic averaging of the SERS signal over the sample due to the thermal motion of the molecules in the focal point of the laser.

Compared to the 633 nm or 785 nm laser lines employed in previous SERS studies, the 532 nm laser employed in this study has the advantage that it meets (pre)resonant conditions with serum carotenoids, leading to a strong amplification of the SERS signal from this class of molecules. Thus, when processing the serum samples by protein precipitation, the use of the 532 nm laser leads to the amplification of the carotenoid-associated bands at 1135 cm^−1^ and 1518 cm^−1^ ([Figure 1](#F0001){ref-type="fig"}).[@CIT0035] On the other hand, employing the 532 nm laser is also known to amplify the SERS signal from contaminants, leading to "rhodamine-like" SERS bands. In order to prevent the contamination of samples and the presence of rhodamine-like bands in the SERS spectra of serum, we successfully employed sterile dual filter tips when preparing the samples.[@CIT0037]

The SERS spectra acquired from both cancer patients and healthy volunteers presented several intense bands at 636, 727, 810, 887, 1.008, 1.135, 1.150, 1.201, 1.361, 1.446, 1.518, and 1.677 cm^−1^ ([Figure 1](#F0001){ref-type="fig"}), which were assigned in good agreement with the literature to nucleic acid catabolites such as uric acid and hypoxanthine, carotenoids and amino acids.[@CIT0032]--[@CIT0034] The carotenoids-associated SERS bands at 1135 cm^−1^ and 1518 cm^−1^ are absent when using filtered serum or laser lines with longer wavelengths as excitation source (eg, the 633 nm or 785 nm laser).[@CIT0035]

The positive and negative peaks in the difference SERS spectrum between the cancer and the control groups suggest that cancer samples differ from control samples in a complex manner, with some of the metabolites being enriched in the cancer group and others in the control group. For instance, the carotenoid-associated band at 1135 cm^−1^ was more intense in the control subjects than in the case of the cancer patients ([Figures 1](#F0001){ref-type="fig"} and [S2](#SD2){ref-type="supplementary-material"}--[S6](#SD6){ref-type="supplementary-material"}), in line with previous studies describing lower blood carotenoid levels in patients with breast, colorectal, lung, ovarian and oral cancer.[@CIT0038]--[@CIT0042] In regard to the other bands in the spectrum besides the bands attributed to carotenoids, it was harder to clearly delineate trends that are associated with each cancer type. Thus, the results show that the SERS spectra of serum have a complex pattern that prevents the identification of bands that have characteristic lower/higher intensity for each cancer type. Therefore, the analysis of the SERS spectral differences between cancer types and controls requires machine learning techniques, which can be trained to recognize the spectral features associated with each cancer type.

In order to test the efficacy of the SERS-based method in discriminating between each cancer type and the corresponding controls, five independent PCA-LDA models were built (one for each cancer type) ([Figure 2](#F0002){ref-type="fig"}). The figures of merit corresponding to the PCA-LDA models are the following: the overall accuracy for the breast, ovarian, and oral cancer was around 94%, 95% and 93% respectively, while the overall accuracy was comparatively lower for lung and colorectal cancer (86% and 78%, respectively). In case of the colorectal cancer, the relatively lower overall accuracy (78%) was a consequence of control samples being misclassified as colorectal cancer samples (specificity 64%). Overall accuracy, which gives a global perspective regarding the classification power of the model for each group, was calculated from the confusion matrices expressed in terms of absolute number of samples (data not shown) as the percentage of correctly assigned samples out of the total number of samples. These results confirm previous studies aiming to discriminate between cancer patients and controls based on the SERS spectra of serum.

The number of PCs used as input for the PCA-LDA was chosen based on the similarity in the classification accuracy between the training set (80% of the samples) and the validation set (20% of the samples).

Next, another PCA-LDA model was built, one that sought to discriminate between controls and all cancer samples combined, that is, without taking into account the type of malignancy that each cancer sample corresponded to. The confusion matrix of the PCA-LDA model is depicted in [Figure 3](#F0003){ref-type="fig"}, and it corresponds to an overall accuracy of 94%. Thus, SERS spectra of serum allowed efficient classification of samples even when the samples came from multiple types of solid malignancies.

Next, a PCA-LDA model was constructed to include the type of cancer to which each sample corresponded to, with the aim of attaining a differential diagnosis between different cancer types ([Figure 4](#F0004){ref-type="fig"}). The highest accuracy was obtained for the control group (91%), while the accuracy of assigning cancer samples to the corresponding cancer types ranged between 88% for oral cancer to 59% for lung cancer.

Therefore, even when considering specific cancer types, the control samples can be accurately discriminated from cancer samples (specificity and sensitivity above 90%). Regarding the accuracy of distinguishing between cancer types, the classification accuracy is more variable. Thus, although all cancer types are known to display a multitude of differentially expressed serum metabolites,[@CIT0043]--[@CIT0047] our study suggests that the differential expression of the metabolites responsible for the SERS signal is more robust in some cancer types (ie, breast, ovarian, and oral cancer) than in others (ie, colorectal and lung cancer). Nonetheless, these results suggest that SERS can be used for the differential diagnosis between cancer types, thus extending previous observations regarding SERS-based cancer screening on individual cancer types.

Compared to other cancer markers that represent specific proteins, nucleic acids or metabolites,[@CIT0010]--[@CIT0012] SERS-based screening provides a global characterization of the molecular structure of the samples. In particular, SERS can simultaneously assess the levels of the carotenoids and the status of the purinosome, a performance which cannot be achieved using other detection methods. Moreover, the miniaturization of the Raman spectroscopes and the fast turnaround time of the method allows the easy implementation of SERS in the point-of-care setting.[@CIT0048] Moreover, SERS-based screening can easily be scaled up for populational studies.[@CIT0035] Given the possibility to achieve a differential diagnosis between cancer types, SERS could also guide the management of patients with cancer of unknown primary site, for which metastatic lesions are apparent but no founding tumor can be identified.[@CIT0049]

In the future, one might envision the use of SERS spectroscopy as a point-of-care cancer screening tool, which could be employed either alone, or in combination with cancer-type specific serum biomarkers.[@CIT0050]--[@CIT0052] However, the clinical translation of SERS-based cancer screening will have to surpass several issues, including improving the reproducibility of the method and attaining prospective validation in randomized clinical trials. International cooperation groups such as Raman4Clinics[@CIT0037] or The International Society for Clinical Spectroscopy (CLIRSPEC)[@CIT0053] hold promise that such a process is feasible in a not too distant future.

Supplementary materials {#S0006}
=======================

Figure S1The physical properties of silver nanoparticles used for acquiring surface-enhanced Raman scattering (SERS) spectra of serum samples. The UV-Vis spectrum (**A**) and a representative transmission electron microscopy image (**B**) of the silver nanoparticles used for SERS. Figure S2The mean surface-enhanced Raman scattering (SERS) spectra of serum from controls and breast cancer patients and their difference. The SERS spectra were acquired by focusing a 532 nm laser (10 mW) on the samples for 40 s. The SERS spectra were mean normalized and for each spectrum, two measurements were averaged. Figure S3The mean surface-enhanced Raman scattering (SERS) spectra of serum from controls and colorectal cancer patients and their difference. The SERS spectra were acquired by focusing a 532 nm laser (10 mW) on the samples for 40 s. The SERS spectra were mean normalized and for each spectrum, two measurements were averaged. Figure S4The mean surface-enhanced Raman scattering (SERS) spectra of serum from controls and lung cancer patients and their difference. The SERS spectra were acquired by focusing a 532 nm laser (10 mW) on the samples for 40 s. The SERS spectra were mean normalized and for each spectrum, two measurements were averaged. Figure S5The mean surface-enhanced Raman scattering (SERS) spectra of serum from controls and ovarian cancer patients and their difference. The SERS spectra were acquired by focusing a 532 nm laser (10 mW) on the samples for 40 s. The SERS spectra were mean normalized and for each spectrum, two measurements were averaged. Figure S6The mean surface-enhanced Raman scattering (SERS) spectra of serum from controls and oral cancer patients and their difference. The SERS spectra were acquired by focusing a 532 nm laser (10 mW) on the samples for 40 s. The SERS spectra were mean normalized and for each spectrum, two measurements were averaged. Table S1Clinical characteristics of breast cancer group patients.**VariablesNumber of patients (n=42)GENDER** M0 F42**AGE** ≤6031 \>60\
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